Cardiovascular waveforms contain information for clinical diagnosis. By "learning" and organizing the subtle change of waveform morphology from large amounts of raw waveform data, unsupervised manifold learning can help delineate a high-dimensional structure. We hypothesize that the shape of this structure conveys inner dynamics information via the novel three-dimensional (3D) image. To validate this hypothesis, we investigate the electrocardiography (ECG) waveform for ischemic heart disease and arterial blood pressure (ABP) waveform in dynamic vasoactive episodes. For non-STelevation ECG obtained from public database, a classification tree structure comprising consecutive ECG waveforms spanning from unstable angina to healthy control is presented. Support vector machine (SVM) shows classification accuracy of 99.8%. Manifold learning in ST-elevation ECG waveform analysis helps quantify the evolving direction of ST-elevation myocardial episode in a 1-hour period. The ABP waveform analysis of Nicardipine administration shows inter-individual difference (SVM classification accuracy=99.3%) and their common directions from intra-individual moving trajectories. The dynamic change of ABP waveform during endo-tracheal intubation shows a loop-like trajectory structure, which can be further classified using the knowledge of antihypertensive medication. The application of manifold learning in ECG and ABP waveform analysis provides clues of acute coronary syndrome diagnosis, predicts clinical course in myocardial ischemic episode and reveals underneath physiological mechanism via 3D visualization.
Introduction
Cardiovascular waveforms contain abundant information for clinical diagnosis. The pulsatile waveform morphology reflects physiological dynamic interaction inside the human body. Traditionally, the waveform morphology knowledge is condensed as features derived from these waveforms. For example, the QRS complex and the ST segment in electrocardiography (ECG) help in the diagnosis of arrhythmia and ischemic heart disease. [1] [2] [3] Augmentation index and other features of arterial blood pressure (ABP) waveform analysis have been applied to assess the medical treatment of chronic hypertension or to assess the cardiovascular status. [4] [5] [6] [7] However, these derived features may not represent all available information in waveforms, and we need a new tool to grasp more information for inner dynamic physiological interactions in some clinical situations. Manifold learning is a recently developed data analysis technique that extracts inner structure from the data. It belongs to the family of unsupervised machine learning methods. From the input of waveform data, it delineates a representative geometric structure in a highdimensional space, referred to as a manifold. 8 The diffusion map (DMap) is one of the manifold learning algorithms undergoing rapid development in recent years 9 . We hypothesize that manifold learning might be useful to depict a complicated physiological dynamic and display them in a three-dimensional (3D) "image"to gain a comprehensive picture of the underlying dynamical physiological process. The novelty of this approach is that it delineates the inner dynamics directly from the raw waveform data, rather than features derived from the waveform. To the best of our knowledge, this is the first study applying manifold learning to physiological waveform analysis.
In this study, we apply the DMap to explore the clinical information underneath cardiovascular waveforms. With the ECG from MGH/MF Waveform Database, we first demonstrate that the distributions of healthy control, unstable angina or myocardial ischemia are different in 3D visualization. Furthermore, distribution changes in time sequence of an abnormal ST-elevation ECG waveform obtained from an open heart surgery predict a benign clinical course accurately. For the ABP waveform analysis, we demonstrate the dynamic process of antihypertensives administration and endotracheal intubation.
Methods

Subjects
We analyzed two ECG datasets and two ABP datasets from prospective observational studies and public databases.
First, to investigate the ECG waveform in Non-ST-elevation myocardial infarction (NSTEMI), we resorted to the MGH/MF Waveform Database from PhysioNet (http://physionet.org/pn3/mghdb/). 10, 11 This database comprises ECG recordings, physiological data, and medical records from 250 patients in critical care units, operating rooms, and cardiac catheterization laboratories at the Massachusetts General Hospital. From this database, we collected two groups featuring ST-depression, the unstable angina group and ischemic ECG group. The unstable angina group comprises patients diagnosed as unstable angina or angina in the pertinent history. The ischemic ECG group comprises patients whose ECG was interpreted as ischemia or subendocardial injury but no unstable angina in their current diagnosis. We excluded patients with a pacemaker or bundle branch block.
The second dataset, Intra-operative ST-Elevation (ISTE) dataset, was collected from an ECG signal recorded during a coronary artery bypass grafting surgery during which an episode of ECG waveform changes accompanied with a decrease in heart contractility. The lead II ECG waveform appeared to have a rapid ST-elevation, suggesting possible inferior wall myocardial ischemia. During this episode, the surgeons and the anesthesiologists also noticed a decrease in heart contractility by direct vision and trans-esophageal echocardiography. After this ST-elevation event, the heart contractility improved, and the abnormal ECG waveform ameliorated gradually. The patient recovered uneventfully. We analyzed a 1-min segment of ECG starting 20 s before the episode of ST-segment abnormality as a demonstration of the dynamical waveform morphology. We also extended the observation period of the above ISTE data to a 66-min segment of ECG starting 1-min before the episode to analyze the ECG waveform evolving with time. For a comparison, we added a 10-min ECG data from another case who had a good functional status (American Society of Anesthesiologists physical status classification II) undergoing simple laparoscopic surgery as a healthy control.
The third dataset, Nicardipine dataset, contains the ABP waveform data recorded during intravenous bolus dose administration (1 mg) of Nicardipine, a calcium channel blocker, for high blood pressure during surgery. This dataset includes 12 cases. Each case started from the time the bolus dose was given and ended when the blood pressure no longer monotonically decreased. These 12 cases range between 100 to 300 s and contribute 2364 pulses in total.
The fourth dataset, Endotracheal Intubation (ETI) dataset, contains 9 ABP waveform data recorded during the endo-tracheal intubation in the beginning of the routine general anesthesia. Each case started 1 min before the procedure and lasted for 200 s, comprising 223 pulses. In total there are 2,957 pulses.
Except the MGH/MF data, all waveform data were collected prospectively from patients undergoing general anesthesia and surgery for medical reasons. The ISTE and ETI datasets collection were approved by the institutional ethics review board of Shin Kong Wu Ho-Su Memorial Hospital, Taipei, Taiwan (IRB No.: 20160106R), and the Nicardipine dataset collection was approved by Taipei Veterans General Hospital, Taipei, Taiwan (IRB No.: 2017-12-003CC). Written informed consent was obtained from each patient. Physiological signals of the ISTE and ETI datasets were collected from the standard patient monitoring, Philips IntelliVue™MP60 and MX800 (Philips Healthcare, Andover, Massachusetts, USA) via a third-party software, ixTrend™ Express ver. 2.1 (ixitos GmbH, Berlin, Germany). The sampling rates of ECG (lead II in the EASI mode) 12 and ABP were 500 Hz and 125 Hz, respectively. Physiological signals of the Nicardipine dataset were collected from another standard patient monitoring, GE CARESCAPE™B850 (GE Healthcare, Chicago, Illinois, USA) via the data collection software, S5 collect (GE Healthcare, Chicago, Illinois, United States). The sampling rates of all waveforms are 300 Hz.
All anesthetic managements for each patient in our observational studies were performed per institutional standard practice and under the discretion of the anesthesiologist. The ABP was obtained directly from the percutaneous radial arterial cannulation with a continuous pressure transduction. To keep the nature frequency of the pressure monitor high enough, the arterial line tubing system was rigid and was chosen as short as possible. Bubbles inside were removed meticulously. We only used the lead II ECG waveform for analysis because it is the common denominator among data collected from our observational studies and the MGH/MF database.
Wave-shape manifold learning and diffusion map
A manifold is a nonlinear geometric structure in the high-dimensional space (Euclidean space) that generalizes a smooth surface in the 3D space. We model that each beat or pulse is a point lying on a manifold. 9 Consequently, we use the manifold learning tool, the DMap, to establish the relationship among those pulses by extracting this manifold and hence the inner dynamics. Moreover, the DMap is a nonlinear dimensional reduction method, 8 which is a generalization or a counterpart of the commonly applied linear dimensional reduction method, principal component analysis. 13 The DMap is one of the manifold learning algorithms undergoing rapid development, both in theory and practical aspects. 9 It is characterized by solid mathematical and statistical supports. The way it establishes the relationship of the points is intuitively similar to the molecular diffusion in physics, hence the name. The output of the DM can be converted to a 3D image for visualization. In the 3D image, each pulse is represented as a point. In general, the 3D visualization only shows partial information, and the output contains additional information in the higher dimensional space. To fully appreciate the DMap, a direct quantification of its output is needed. The diffusion distance (DDist) is a tool that measures the similarity between two pulses by calculating their distance in the output of DMap. A smaller DDist indicates the more similarity between two pulses. In this study, the result of the DM is visualized by using 3D imaging, and the quantification is based on the DDist.
Waveform Data Analysis
To obtain pulse waveforms, we used the R peak location of each ECG cycle or the maximum of the first derivation of each ABP pulse waveform during the ascent as a fiducial point. An adequate time window was chosen to cover one cycle beat (or pulse). As the duration of each beat (or pulse) is not constant, we truncated those clean beats to be of a uniform size according to their minimal length. Then, we normalized each pulse by removing the mean and setting the variance of each pulse to 1 so that the DMap only takes the waveform morphology into consideration.
The distance between two groups was determined as the DDist between their geometric centers, which are the mean positions of all points within their groups. The DDist between two groups is expressed as the mean and 95% confidence interval, which were calculated by bootstrap resampling without replacement in 100,000 samples 3, 12 . Waveform analysis was performed using Visual Studio® community 2019 (Microsoft, Redmond, Washington, USA). The hypothesis test for the comparison of two group distances was two tailed, performed by the bootstrap resampling without replacement in 100,000 samples.
For the ECG data from the public MGH/MF database, we selected 10-min consecutive ECG beats from the beginning of data recording. We omitted those ECG segments with ectopic beat, motion artifact, or spurious baseline wandering.
For the trajectory analysis, we derived the moving direction of successive beats (or pulses) as vectors in the high-dimensional space, technically speaking, as the gradient in the high-dimensional coordinate system with a Euclidean metric. The step-wiseincluded angles between the two trajectories are calculated by the arccosine function. It is worth mentioning the meaning of the angle measurement. A perpendicular orientation between two trajectories means no projection on another trajectory, indicating no relationship between each other, whereas a parallel orientation, either in the same direction or in the opposite direction, means a high relationship. It is a principal commonly used in data science.
Statistical analysis
As the output of the DMap is high-dimensional, we use the support vector machine (SVM), a multivariate classification tool 14 , to measure the discrimination performance. We performed the SVM with the polynomial kernel function and the default parameters (Gamma=1.0; Degree=3; Complexity=1.0; epsilon=0.001; tolerance=0.001) without further parameter tuning. We performed a four-fold cross validation and the mean prediction accuracy was reported to represent the inter-group discrimination. If there is a perfect discrimination between the two groups under consideration, the prediction accuracy will be 1. Descriptive data are presented as median (interquartile range). The hypothesis test for the scalar variable data was two tailed, performed by the bootstrap resampling 3, 12 without replacement in 100,000 samples. A p value < 0.05 was considered statistically significant. All statistical analyses were performed using the standard statistical program R (version 3.6.1, http://www.r-project.org, package e1071 version 1.7-2 for SVM).
Results
NSTEMI ECG Waveform Analysis
There are 10,583 ECG beats collected from the MGH/MF database for analysis, including 1,612 (2,200 s) ECG beats from three unstable angina cases, 8,247 beats from 12 ischemic cases, and 724 ECG beats from the healthy control. The health control is the same as that in the ISTE data.
The 3D image constructed from the DMap of the entire ECG waveforms spanning from the start of the P wave to the end of T wave is shown in Figure 1 . This shows clusters with respect to the three groups. It also shows an aggregation of the unstable angina group and the ischemic-ECG group, whereas the healthy control is relatively isolated. Quantitative measurements show that the inter-group distance between the unstable angina group and the ischemic ECG group is 0.170 (0.165, 0.176), which is significantly less than the distance between the ischemic ECG group and the healthy control as 0.418 (0.413, 0.422), and the distance between the unstable angina group and the healthy control is 0.484 (0.479, 0.489). Both hypothesis tests show statistically significant differences (p < 10 −5 ). The SVM analysis for inter-group difference shows a total prediction accuracy of 99.8 %.
ST-elevation ECG Waveform Analysis
The ISTE data representing the ECG waveform evolving with time as the intra-operative ST-elevation event takes place. The main morphological feature is apparently the STelevation (Figure 2 ). The 3D image shows a visible difference before and after the event (26 beats in 0-20 s vs. 40 beats in 30-60 s). Binary classification using SVM shows a perfect accuracy of 1.
The 3D image of the 66-min ISTE dataset (4,299 pulses) combined with 10-min healthy control ECG data (754 pulses) shows that the cycles from the ISTE dataset form a trajectory (Figure 3 ). This image captures the dynamical change of the ST-elevation and its gradual improvement within the 66-min period (Figure 3) . To quantify the time evolution of the ISTE dataset, we separate it into 6 subgroups (index ranges: 1-280, 290-580, 850-1,500, 1,500-2,300, 2,300-3,300, 3,300-4,299) to quantify the improvement in comparison with the healthy control data, and with the waveform before the ST-elevation ( Table 1 ). The SVM analysis for the inter-group difference of the 6 ISTE subgroups (15 pairs) shows a total accuracy of 91.5 %, which suggests the potential of the proposed algorithm to quantitatively measure the time-evolving dynamics.
ABP Waveform Analysis
The 3D image of one 120-s data of Nicardipine dataset comprising 187 ABP pulses shows that the 187 points forms a trajectory-like structure ( Figure 5 ). This trajectory indicates the hemodynamic effect induced by Nicardipine. An analysis of 2,364 ABP pulses from 12 cases shows 12 trajectory-like structures corresponding to the 12 cases, which indicates the inter-individual variation. Despite this interindividual variation, these trajectories move toward in a common direction (Figure 4) , which indicates the universal impact of Nicardipine on our hemodynamic system. The SVM analysis for the inter-groups difference of 12 groups (66 pairs) shows that the total accuracy is 99.3 %.
An analysis of one 200-s data of the ETI dataset comprising 223 pulses shows that successive pulses forms a trajectory in the 3D embedding. After endotracheal intubation, the trajectory moves away from its baseline location and returns back to it after a while, forming a loop-like structure. Adding another 8 cases of endotracheal intubation (2,957 pulses in total) yields the same finding-one loop-like trajectory and the 8 loop-like trajectories ( Figure 5 ).
Finally, we show the ABP data analysis from the ISTE dataset. While the ST-elevation in the ISTE dataset can be easily visualized in the ECG waveform, it is less clear by reading the ABP waveform. To check if such information exists, we analyze the corresponding ABP wave from the 66-min ISTE dataset. The 3D image of 4,420 ABP pulses ( Figure 3C ) shows a trajectory exhibiting the ABP pulses evolving with time along the ST-elevation. This finding suggests the potential to "read the ABP waveform details" directly via the manifold learning.
Combined ABP analysis
We combined ABP waveforms from the Nicardipine dataset with the ISTE dataset to further evaluate the amount of differences between these two datasets. The 3D image of 6,723 pulses ( Figure 3D ) demonstrates a distinct localization between the Nicardipine and ISTE datasets. An SVM analysis of these two datasets shows a total accuracy of 99.6 %.
Next, we combined ABP signals from the ETI dataset (2957 pulses) with the ISTE dataset (4,420 pulses) to measure the amount of differences between these two datasets. The 3D image of 7,377 pulses shows different localizations between the ETI and ISTE datasets. An SVM analysis between these two groups shows a total accuracy of 94.7 % (Figure not shown) .
Finally, we combined the Nicardipine dataset with the ETI dataset to gain further insights into the ETI dataset. Specifically, we measured the angular readings between the ETI trajectory and the nearest Nicardipine trajectory ( Figure 6 ). Among the 12 trajectories of the Nicardipine data, No. 3 is the nearest to ETI data in terms of the DD. We measured the dynamic angle of the ETI trajectory with respect to No. 3 Nicardipine dataset to differentiate the ETI trajectory into two parts: the relatively parallel part (77-125th pulse) and the relatively perpendicular part (133-169th pulse). The angle of the relatively parallel part is 141.5 degree (122.9-149.1), and the angle of the relatively perpendicular part is 60.5 degree (53.3-79.0). Hypothesis test shows a statistically significant difference (p < 10 −5 ).
Discussion
This is the first study to investigate the cardiovascular waveform using modern unsupervised machine learning tools. This approach "learns" directly from the whole waveform instead of using the derived features. The results show that the inner physiological dynamics can be observed at both the intra-individual and interindividual levels. The SVM analysis shows the time-evolving nature of ECG morphology during an ST-elevation and a hierarchical structure developed from the non-ST elevation ischemic ECG waveforms. For the ABP waveform, in addition to capturing the intra-individual dynamics in response to Nicardipine, the analysis reveals a universal hemodynamic response to Nicardipine despite the influence of inter-individual variability. Furthermore, the analysis allows us to classify pulse waveform dynamics into two types: those that are related to the vasodilatory effect and those not. In addition to quantifying the dynamics, the 3D imaging provided by the DMap helps visualize the dynamics in a compact form. This sheds light on the visualization of longterm physiological signals at once for real-time clinical applications.
Data Characteristics Captured by Manifold Learning
The consecutive beat-to-beat or pulse-to-pulse morphology reflects changes with time. The ECG beats or ABP pulses tend to gather together in the high dimensional space as a trajectory, which can be further quantified. In the ETI dataset, the trajectory of ABP pulses in response to the endo-tracheal intubation stimulus moves away and returns to the baseline state, forming a loop. The ISTE data shows a trajectory featuring an STelevation episode and the subsequent evolution of the ECG waveform.
The public MGH/MF database focuses on the classification performance within the scope of the non-ST-elevation ECG waveform. The ischemic ECG waveforms cluster into a hierarchical structure, representing a clinical meaningful distribution among the healthy control, ischemic ECG, and clinical unstable angina. The 3D imaging representing the entire ECG waveform serves as an adjunct to a visual inspection of the subtle differences among each ECG waveform. This finding suggests the automatic classification potential of unsupervised manifold learning.
Clinical interpretation
Unstable angina is a potentially life-threatening situation exhibits a NSTEMI pattern. 1, 2 However, critical patients admitted for other illness, such as major trauma or sepsis, may exhibit an ischemic NSTEMI pattern, signifying possible concurrent alarming heart conditions. Our results show the similarity between unstable angina and ischemic ECG, while both conditions are different from the healthy control. Unstable angina also exhibits a more concentrated and extreme clustering of ECG waveform than ischemic ECG. Although the unsupervised method was unaware of the clinical condition labeling, the classification results are congruent with our clinical knowledge.
The MGH/MF and ISTE datasets in this study show the value of the ECG waveform analysis in both ST-elevation and NSTEMI pattern. The close relationship between the ischemic ECG pattern, ischemic heart disease, and clinical outcome is well known. However, the unsupervised manifold learning in this study can be used for consecutive beat-to-beat monitoring over a long period. It automatically organizes thousands of beats into a 3D image to provide a complete picture at a glance; this is convenient compared with the direct visual interpretation of the long-term ECG waveform. In addition, the ability of consuming a large quantity of ECG waveform may help eliminate the sampling error and improve the accuracy of outcome assessment.
Hedén et al. have reported that applying artificial neural network to detect acute myocardial via the ECG features derived from ST segment or T wave. 15 Other studies also have reported algorithms using features of ST segment provide diagnostic values. [16] [17] [18] Our results using direct waveform input are consistent with these previous studies. This fact indicates that despite being unaware of the physiological knowledge, the manifold learning approach can capture the major information inside the data, which is the ST morphological difference in the MGH/MF dataset and the evolving of ST-elevation morphology in the ISTE dataset.
Compared with the ECG signal, the ABP waveform contains information that is more relevant to the entire circulation system. The DMap visualizes the dynamics for each case in response to the endotracheal intubation procedure or the administration of anti-hypertensive medication as a trajectory in the 3D image. The relationship between the effect of antihypertensives and the derived indices of ABP has been wellestablished. 13, 19, 20 However, in this study, the intravenous antihypertensive medication, Nicardipine, elicits more rapid ABP waveform change captured in a pulse-to-pulse scale by manifold learning. That is, the trajectory captures the physiological effect in a good temporal resolution. Further research is warranted to elucidate what manifold learning grasps in terms of physiology and how to integrate it into clinical practice. The loop-shape trajectory in response to the endotracheal intubation suggests that the physiological status returns to the baseline status by a different route. Although there is no study particularly addressing the ABP waveform regarding the endotracheal intubation procedure, from the physiological perspective, both vasoconstriction effect and increased cardiac contractility may participate in the process. The combination of the Nicardipine and ETI datasets provides further interpretation through their geometric relationship; the data can be segmented into those related to the vasodilatory effect and those not related ( Figure 6 ). The associated physiological mechanism must be investigated further.
Methodological Considerations
There has been a rich knowledge about ECG and ABP waveforms. The standard interpretation of the ECG morphology relies on the visual inspection of waveform landmarks, such as P wave, QRS complex, and ST segment, and their relationship. Similarly, the augmentation pressure and augmentation index 4, 6, 19, 21 derived from the ABP pulse waveform provide information on the cardiovascular system. Owing to the available rich information, computer algorithms for waveform analysis have been developed for clinical usage. Methods such as neural network and supervised machine learning have been employed to analyze a large amount of features derived from pulse waveforms. 15, 22 The proposed manifold learning approach is different from the other approaches in several ways. First, it "learns" directly from the raw waveform data, rather than the derived features. Theoretically, it may capture subtle waveform difference that is overlooked by the designed feature or by visual inspection. Second, it is unsupervised; that is, the labeling information is ignored in the learning process. Hence, the learned features are intrinsic. Third, the high dimensional data is organized into a 3D image for the inner dynamics visualization. This visual information may help physicians grasp the whole physiological dynamic picture. Moreover, owing to its rigorous theoretical support, we do not run into the black box issues commonly encountered in other machine learning tools, such as the deep neural network.
Undoubtedly, the well-known waveform features contain a large amount of accumulated knowledge regarding diagnosis using ECG and ABP waveform. It is warranted to investigate the integration of the waveform features and the direct waveform as the input of the learning process in the future study.
In the present study, we demonstrate the paradigm of pulsatile waveform analysis. By the DMap, we understand the whole picture by observing the 3D images. If the pulsatile data are consecutive in time, the trajectory indicates that the inner dynamics continuously evolves with time. If the data are group labeled, we may observe the classification tree structure from the 3D image and quantify it by classification methods.
Limitations and Future Works
Limitations of this study must be addressed. First, while we have shown proof-ofconcept results of applying the unsupervised manifold learning algorithm in short period and longer period waveforms, and confirm our hypotheses, it is not clear how the manifold learning performs in wider range and in different clinical situations, which require further studies. It is also warranted to elucidate the capability of manifold learning from other cardiovascular waveform modalities, such as central venous pressure or photoplethysmogram. 23 Since each physiological waveform only provides a partial information about the physiological dynamics, combining the physiological information captured by different modalities is interesting for future work.
Second, despite the inter-individual variability that is critical in clinical practice, the proposed algorithm is able to depict the hidden pharmacodynamic information commonly shared by different subjects. A further exploration of the inter-individual variability is however out of the scope of this paper.
Third, a direct physiological meaning for each axis of the 3D imaging is lacking. Three or more axes may be required to grasp the whole picture. To further understand the physiological meaning of the 3D imaging, we need to construct a universal coordinate to host all possible physiological status.
Furthermore, while we report the statistical significance for the classification, it provides information about inter-group discrimination only. More methods should be developed to statistically quantify features we observed from the shape of the 3D image. Questions such as the prediction ability from the extrapolation of the trajectory, or the watermark for diagnosis on the classification tree structure, are to be investigated in the future. 
Figure 1
The 3D embedding of 10,583 ECG beats, including clinical unstable angina (red), ischemic ECG pattern (green), and healthy control (blue), and the associated representative waveforms for a comparison.
Figure 2
A 1-min ECG during the intra-operative myocardial ischemia (Upper), the normalized successive ECG waveform (left lower), and the 3D image of the diffusion map (right lower). The color labels the time sequence evolving from blue to red, which shows the dynamical relationship established based only on the ECG waveform. 
Figure 5
The 223 pulses from the ABP waveform of a single case of endotracheal intubation (left), 3D image of the single case data (middle), and 3D image of all pulses, including those pulses from another 8 cases, comprising 2,957 pulses (right). The color label indicates the time sequence.
Figure 6
Combination of the ABP waveforms from the ETI (Endo-Tracheal Intubation) and the Nicardipine datasets. Panel A shows the 3D embedding of the ETI dataset (red) and the case of the Nicardipine dataset (green) that is closest to the ETI dataset according to DD's against other Nicardipine dataset cases (gray). Note that the trajectory of the ETI dataset forms a loop-like structure. Panel B shows that the ETI dataset forms a loop-like structure. It is colored (purple-red) according to the angle with respect to the Nicardipine dataset (green). Panel C shows the normalized ABP pulse waveforms from different sections of the loop-like structure of the ETI dataset, determined by the angle with respect to the Nicardipine dataset. Parallel direction means it is reciprocally related with the vasodilatory effect, whereas perpendicular direction means it is unrelated with the vesodilatory effect.
